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Abstract—Reduced-reference (RR) image quality assessment
(IQA) has been recognized as an effective and efficient way
to predict the visual quality of distorted images. The current
standard is the wavelet-domain natural image statistics model
(WNISM), which applies the Kullback–Leibler divergence be-
tween the marginal distributions of wavelet coefficients of the
reference and distorted images to measure the image distortion.
However, WNISM fails to consider the statistical correlations of
wavelet coefficients in different subbands and the visual response
characteristics of the mammalian cortical simple cells. In addi-
tion, wavelet transforms are optimal greedy approximations to
extract singularity structures, so they fail to explicitly extract
the image geometric information, e.g., lines and curves. Finally,
wavelet coefficients are dense for smooth image edge contours.
In this paper, to target the aforementioned problems in IQA,
we develop a novel framework for IQA to mimic the human
visual system (HVS) by incorporating the merits from multiscale
geometric analysis (MGA), contrast sensitivity function (CSF),
and the Weber’s law of just noticeable difference (JND). In the
proposed framework, MGA is utilized to decompose images and
then extract features to mimic the multichannel structure of HVS.
Additionally, MGA offers a series of transforms including wavelet,
curvelet, bandelet, contourlet, wavelet-based contourlet transform
(WBCT), and hybrid wavelets and directional filter banks (HWD),
and different transforms capture different types of image geo-
metric information. CSF is applied to weight coefficients obtained
by MGA to simulate the appearance of images to observers by
taking into account many of the nonlinearities inherent in HVS.
JND is finally introduced to produce a noticeable variation in
sensory experience. Thorough empirical studies are carried out
upon the LIVE database against subjective mean opinion score
(MOS) and demonstrate that 1) the proposed framework has good
consistency with subjective perception values and the objective
assessment results can well reflect the visual quality of images, 2)
different transforms in MGA under the new framework perform
better than the standard WNISM and some of them even perform
better than the standard full-reference IQA model, i.e., the mean
structural similarity index, and 3) HWD performs best among all
transforms in MGA under the framework.
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I. INTRODUCTION

T HE objective of image quality assessment (IQA) [38] is to
provide computational models to measure the perceptual

quality of an image. In recent years, a large number of methods
have been designed to evaluate the quality of an image, which
may be distorted during acquisition, transmission, compression,
restoration, and processing (e.g., watermark embedding). The
past five years have demonstrated and witnessed the tremen-
dous and imminent demands of IQA methods in various appli-
cations, including evaluating and optimizing image processing
algorithms and systems.

Existing IQA methods can be categorized into subjective [21]
and objective methods [38]. Results of a subjective method are
directly given by human observers, so it is probably the best
way to assess the quality of an image. This is because human
observers are the ultimate receivers of the visual information
contained in an image. However, subjective IQA methods are
expensive and time consuming, so they cannot be easily and
routinely performed for many scenarios, e.g., real time systems.
The latter depends on the quantified parameters which are ob-
tained from metrics to measure the image quality. Metrics are
usually obtained from either reference or distorted images to
reflect a number of image characteristics. Evaluation results ob-
tained from a good objective IQA method should be statisti-
cally consistent with subjective methods. According to the avail-
ability of a reference image, there is a general agreement [38]
that objective quality metrics can be divided into three cate-
gories: full-reference (FR), no-reference (NR), and reduced-ref-
erence (RR) methods.

To evaluate the quality of a distorted image, FR methods
[29] usually provide the most precise evaluation results in
comparing with NR and RR. Conventional FR IQA methods
calculate pixel-wise distances, e.g., peak signal-to-noise ratio
(PSNR) and mean square error (MSE), between a distorted
image and the corresponding reference, but they have not been
in agreement with perceived quality measurement widely [1],
[12]. Recently, a number of efforts [9], [33] have been proposed
for IQA in developing metrics [8], [18] to reflect image visual
intrinsic properties according to well known characteristics of
the human visual system (HVS). An alternative complemen-
tary framework, i.e., structural similarity (SSIM), for IQA is
introduced by Wang et al. [38] based on the degradation of
structural information. Extensive performance evaluations have
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shown SSIM achieves the state-of-the-art performance. How-
ever, SSIM only considers the local correlation in an image, so
detected features are not enough for precise IQA. In addition,
all FR methods demand the corresponding original or perfect
image as reference which is always not available in practical
scenarios.

To evaluate the quality of a distorted image in real time sys-
tems, NR methods [20], [38], which output evaluation results
without the corresponding reference, have been designed. How-
ever, all these methods rely on strong hypotheses, i.e., they are
designed for one or a set of predefined distortions, so there is
a big gap between NR methods and real scenarios. Wang et al.
[38] proposes a computational and memory efficient quality as-
sessment model for JPEG images to deal with the blocking-ar-
tifact. Sheikh et al. [38] uses natural scene statistics (NSS) to
measure the quality of a JPEG2000 image. They claimed that
natural scenes contain nonlinear dependencies that are disturbed
by the compression process, and this disturbance can be quan-
tified and related to human perceptions quality. Therefore, they
perform well only when distortions are known and modeled pre-
cisely.

To provide a compromise between FR and NR, RR methods
[7], [16], [19], which become popular in recent years, have
been designed for IQA by employing partial information of
the corresponding reference. Based on results in natural image
statistics, Wang et al. [38] proposed the wavelet-domain natural
image statistic metric (WNISM), which achieves promising
performance for image visual perception quality evaluation.
The underlying factor in WNISM is the marginal distribution
of wavelet coefficients of a natural image conforms to the
generalized Gaussian distribution. Based on this fact, WNISM
measures the quality of a distorted image by the fitting error
between the wavelet coefficients of the distorted image and the
Gaussian distribution of the reference.

Although WNISM has been recognized as the standard
method for RR IQA, it fails to consider the statistical cor-
relations of wavelet coefficients in different subbands and
the visual response characteristics of the mammalian cortical
simple cells. Moreover, wavelet transforms cannot explicitly
extract the image geometric information, e.g., lines and curves,
and wavelet coefficients are dense for smooth image edge
contours. In summary, features, which serve the key role in
metric-based IQA (including both FR and RR), utilized in
WNISM are not effective enough. Therefore, there is still a big
room to further improve the performance of RR IQA.

In this paper, to target the aforementioned problems in
WNISM, to further improve the performance of RR IQA, and
to broaden RR IQA related applications, a novel HVS driven
framework is proposed for IQA. This framework is constructed
by pooling multiscale geometric analysis (MGA) [10], [27],
contrast sensitivity function (CSF) [35], and the Weber’s law
of just noticeable difference (JND) [35] together. The new
framework is consistent with HVS: MGA decomposes images
for feature extraction to mimic the multichannel structure
of HVS, CSF re-weights MGA decomposed coefficients to
mimic the nonlinearities inherent in HVS, and JND produces
a noticeable variation in sensory experience. This framework
contains a number of different ways for IQA because MGA of-

fers a series of transforms including wavelet [23], curvelet [6],
bandelet [26], contourlet [11], wavelet-based contourlet trans-
form (WBCT) [13], and hybrid wavelets and directional filter
banks (HWD) [14], and different transforms capture different
types of image geometric information. Extensive experiments
based on LIVE database [28] against subjective mean opinion
score (MOS) [21] have been conducted to demonstrate the
effectiveness of the new framework.

The remainder of the paper is organized as follows. In Sec-
tion II, an overview of MGA is provided to better understand
the advantages of the proposed framework. Section III presents
the proposed HVS driven framework. Experimental results are
presented in Section IV, and Section V concludes.

II. MULTISCALE GEOMETRIC ANALYSIS

Wavelet transform [23] have been successfully applied in
a wide variety of signal processing tasks, e.g., speech signal
compression and voice-based person identification, because
it is an optimal greedy approximation to extract singularity
structure for 1-D piecewise smooth signals. Although the 2-D
extension, i.e., 2-D wavelet transform, can also be applied
to image processing relevant applications, e.g., compression,
de-noising, restoration, segmentation, and structure detection,
it can only deal with the singularity problem of point. To our
knowledge, image contains rich and varied information, e.g.,
texture and edges, and wavelet transform is not effective in
dealing with directional information. Therefore, it is essential
to develop a directional representation framework for precisely
detecting orientations of singularities like edges in a 2-D image
while providing near optimal sparse representations.

Multiscale geometric analysis (MGA) [26] is such a frame-
work for optimally representing high-dimensional function.
It is developed, enhanced, formed and perfected in signal
processing, computer vision, machine learning, and statistics.
MGA can detect, organize, represent, and manipulate data,
e.g., edges, which nominally span a high-dimensional space
but contain important features approximately concentrated
on lower dimensional subsets, e.g., curves. MGA contains a
large number of tools and gets wavelet transform involved
as a special case. MGA tools range from Jones’ traveling
salesman theorem for multiscale approximation of data in
dyadic cubes, to beamlet analysis for multiscale radon trans-
formation, and to curvelet analysis for special space-frequency
tilings. Therefore, MGA can be utilized to a large variety of
applications, e.g., medical imaging, object categorization, and
image compression. However, it is still not clear in how to
apply MGA transforms for IQA, although they are plausibly
for this application. This is because MGA can analyze and
approximate geometric structure while providing optimally
sparse representations.

For IQA, we need to find MGA transforms, which perform
excellently for reference image reconstruction, have perfect per-
ception of orientation, are computationally tractable, and are
sparse and effective for image representation. Among all re-
quirements for IQA, effective representation of visual infor-
mation is especially important. Natural images are not simple
stacks of 1-D piecewise smooth scan-lines and points of dis-
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TABLE I
MAIN FEATURES CAPTURED BY DIFFERENT MGA TRANSFORMS

continuity are typically located along smooth curves owing to
smooth boundaries of physical objects. As a result of a separable
extension from 1-D bases, 2-D wavelet transform is not good at
representing visual information of image. Consequently, when
we dispose of image with linear features, wavelet transform is
not effective. However, MGA transforms can capture the char-
acteristics of image, e.g., lines, curves, cuneiforms and the con-
tour of object. As mentioned in Table I, different transforms of
MGA capture different features of an image, and complement
to each other. Based on mentioned requirements for IQA, it is
reasonable to consider a wide range of explicit interactions be-
tween multiscale methods and geometry, e.g., curvelet [6], ban-
delet [26], contourlet [11], wavelet-based contourlet transform
(WBCT) [13], and hybrid wavelets and directional filter banks
(HWD) [14].

Curvelet transform [6] combines multiscale ridgelets with a
spatial bandpass filtering operation. It captures continues closed
curves on a smooth plane . Bandelet transform [26] tracks
regular geometric orientation of adaptive images and it captures
continues closed curves on a smooth plane . Con-
tourlet transform [11] aims to achieve an optimal approximation
rate of piecewise smooth functions with discontinuities along
twice continuously differentiable curves. Therefore, it captures
areas with subsection smooth contours. WBCT [13] and HWD
[14] are designed to optimize the representation of image fea-
tures without redundancy.

III. MULTISCALE GEOMETRIC ANALYSIS-BASED IMAGE

QUALITY ASSESSMENT

As discussed in Section II, MGA contains a series of trans-
forms, which can analyze and approximate geometric structure
while providing near optimal sparse representations. The image
sparse representation means we can represent the image by a
small number of components, so little visual changes of the
image will affect these components significantly. Therefore,
sparse representations can be well utilized for IQA. In this
paper, we develop a novel framework for IQA by applying
MGA transforms to decompose images and extract effective
features. This framework quantifies the errors between the
distorted and the reference images by mimicking the error
sensitivity function [38] in the human visual system (HVS).
The objective of this framework is providing IQA results for
distorted images, which have good consistency with subjective
perception values. This framework incorporates merits from
three components, i.e., MGA, contrast sensitivity function

(CSF), and the Weber’s law of just noticeable difference (JND),
to model the process of image perception.

Fig. 1 shows the framework for IQA and it works with the
following stages: 1) an MGA transform, e.g., curvelet, bandelet,
contourlet, WBCT, and HWD, is utilized to decompose both the
reference image at the sender side and the distorted image at the
receiver side, 2) CSF masking is utilized to balance subbands
coefficients in different scales obtained by the MGA transform.
With this stage, we can simulate the appearance of images to
observers by taking into account many of the nonlinearities in-
herent in HVS, 3) JND produces a noticeable variation in sen-
sory experience, 4) a histogram is constructed for image repre-
sentation, each bin of the histogram corresponds to the amount
of visual sensitive coefficients of a selected subband, and finally
the normalization step is applied to the histogram, and 5) the
IQA result is the transformed city-block distance between the
normalized histograms of the reference and distorted images. In
this section, these five stages are detailed in the following sub-
sections.

A. MGA-Based Feature Extraction

In this paper, a number of MGA transforms, which are
curvelet, bandelet, contourlet, WBCT and HWD, are consid-
ered for image decomposition and feature extraction. Moreover,
wavelet is utilized as the baseline for comparison. In this frame-
work, MGA is utilized to decompose images and then extract
features to mimic the multichannel structure of HVS.

• Wavelet transform: It [23] is popular to analyze signals
in both time and frequency domains simultaneously and
adaptively. By using multiscale operation, it extracts ef-
fective features to represent signals, especially for nonsta-
tionary signals (as mentioned in Table I, it extracts singu-
larity structure of an image). In our experiments, three-
level wavelet transform with “Daubechies” filters, is ap-
plied to decompose the image into nine highpass subbands
and a lowpass residual subband. Coefficients in all nine
highpass subbands are preserved for further processing,
e.g., CSF masking and JND. As shown in Fig. 2, selected
subbands are marked with white dashed boxes and nu-
merals.

• Curvelet transform: It [6] is a higher dimensional exten-
sion of wavelet transform. It captures curved singularities
with very few coefficients in a nonadaptive manner and re-
mains coherent waveforms under the action of the wave
equation in a smooth medium. Therefore, it represents im-
ages at different scales and different orientations (as men-
tioned in Table I, it captures continues closed curves on a
smooth plane ). Theoretically, it is a multiscale pyramid
transform and each scale captures different orientations in
different positions. In fine scales, it captures needle-shaped
elements. In the proposed framework, coefficients in all
subbands but the low frequency subband are selected for
further processing.

• Bandelet transform: It [26] takes the advantage of the ge-
ometrical regularity of image structure, represents sharp
image transitions, e.g., edges, especially, decomposes im-
ages along multiscale vectors that are elongated in the di-
rection of a geometric flow. In the new framework, coeffi-
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Fig. 1. Multiscale geometric analysis-based image quality assessment framework. (Sender side is applied to extract the normalized histogram of the reference
image. Receiver side is applied to extract the normalized histogram of the distorted image. Ancillary channel is applied to transmit the extracted normalized
histogram.)

cients in all highpass subbands are selected for further pro-
cessing. As shown in Fig. 3, selected subbands are marked
with white dashed boxes and numerals.

• Contourlet transform: It [11] is constructed via filter
banks and can be viewed as an extension of wavelets with
directionality. For implementation, it utilizes Laplacian
pyramid [2] to capture point discontinuities and direc-
tional filter banks [3] to link point discontinuities into
linear structures. Based on these two steps, it captures
the intrinsic geometrical structure of an image. In the
proposed framework, the image is decomposed into three
pyramidal levels. Based on the characteristics of direc-
tional filter banks (“9–7” biorthogonal filters [3], [5])
for decomposition, coefficients in half of the directional
subbands are selected for further processing. As shown
in Fig. 4, contourlet transform is utilized to decompose
an image and a set of selected subbands are marked with
white dashed boxes and numerals.

• WBCT: It [13] is an enhanced version of contourlet trans-
form based on two stages of filter banks that are nonredun-
dant and perfect for reconstruction. It decomposes images
both radially and angularly to an arbitrary extent and obeys
the anisotropy scaling law. Therefore, it approximates nat-
ural images containing contours and oscillatory patterns ef-
ficiently. As mentioned in Table I, it captures areas with

smooth contours. In this proposed framework, the image
is decomposed into two levels based on wavelet transform
“Daubechies” filters and the number of levels for direc-
tional filter banks (“9–7” biorthogonal filters) decomposi-
tion is three at each highpass of the finest and finer scale.
Based on these filters, an image is decomposed into 48 high
frequency directional subbands and a lowpass residual sub-
band. Coefficients in half of the subbands at each fine scale
are selected for further processing. As shown in Fig. 5,
WBCT is utilized to decompose an image and a set of se-
lected subbands are marked with white dashed boxes and
numerals.

• HWD Transform: It [14] is similar to WBCT and em-
ploys wavelet transform for multiscale decomposition. Di-
rectional filter banks in HWD1 and modified directional
filter banks in HWD2 are applied to some subbands ob-
tained by wavelet transform. In this proposed framework,
image is decomposed into two levels based on wavelet
transform “Daubechies” filters and the number of levels
for directional filter banks (“9–7” biorthogonal filters) de-
composition is three at each highpass of the finest and
finer scale. Based on these filters, an image is decomposed
into 32 high frequency directional subbands and a low-
pass residual subband. Coefficients in half of subbands
at each fine scale are selected for further processing. As
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Fig. 2. Wavelet transform-based image decomposition.

Fig. 3. Bandelet transform-based image decomposition.

Fig. 4. Contourlet transform-based image decomposition.

Fig. 5. WBCT-based image decomposition.

shown in Fig. 6, HWD transform is utilized to decompose
an image and a set of selected subbands are marked with
white dashed boxes and numerals.

B. CSF Masking

MGA is introduced to decompose images and then extract
features to mimic the multichannel structure of HVS, i.e., HVS
[36] works similar to a filter bank (containing filters with var-
ious frequencies). CSF [24] measures how sensitive we are to
the various frequencies of visual stimuli, i.e., we are unable to
recognize a stimuli pattern if its frequency of visual stimuli is
too high. For example, given an image consisting of horizontal
black and white stripes, we will perceive it as a gray image if

Fig. 6. HWD transform-based image decomposition.

stripes are very thin; otherwise, we can distinguish these stripes.
Because coefficients in different frequency subbands have dif-
ferent perceptual importance, it is essential to balance the MGA
decomposed coefficients via a weighting scheme, CSF masking.
In this framework, the CSF masking coefficients are obtained by
modulation transfer function (MTF) [24], i.e.,

(1)

where , the center frequency of the band, is the radial
frequency in cycles/degree of the visual angle subtended,
is the normalized spatial frequency with units of cycles/pixels,
and is the sampling frequency with units of pixels/degree.
According to [4], , and are 2.6, 0.192, 0.114, and 1.1,
respectively.

The sampling frequency is defined as

(2)

where is the viewing distance with units of meter and is the
resolution power of the display with units of pixels/inch. In this
framework, is 0.8 meter (about 2–2.5 times height of the dis-
play), the display is 21 inches with the resolution of 1024 768,
and pixels/inch. According to
the Nyquist sampling theorem, changes from 0 to , so
changes from 0 to 0.5. Because MGA is utilized to decompose
an image into three scales from coarse to fine, we have three nor-
malized spatial frequencies,

. Weighting factors are identical for coefficients in an iden-
tical scale.

For example, if contourlet transform is utilized to decom-
pose an image, we obtain a series of contourlet coefficients ,
where denotes the level index (the scale sequence number)
of contourlet transform, stands for the serial number of direc-
tional subband index at the th level, and represents the coeffi-
cient index. By using CSF masking, the coefficient is scaled
to .

C. JND Threshold

Because HVS is sensitive to coefficients with the larger mag-
nitude, it is valuable to preserve visually sensitive coefficients.
JND, a research result in psychophysics, is a suitable way for
this function. It measures the minimum amount, by which stim-
ulus intensity must be changed to produce a noticeable varia-
tion in the sensory experience. In our framework, MGA is in-
troduced to decompose an image and highpass subbands con-
tain the primary contours and textures information of the image,
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Fig. 7. Scatter plots of MOS versus kinds of IQA methods, i.e., PSNR, MSSIM, WNISM, Wavelet, Curvelet, Bandelet, Contourlet, WBCT, HWD1, and HWD2,
for JPEG, JPEG2000, WN, Gblur, and FF distorted images.

CSF masking makes coefficients have similar perceptual impor-
tance in different frequency subbands, and then JND is calcu-

lated to obtain a threshold to remove visually insensitive co-
efficients. The amount of visual sensitive coefficients reflects
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Fig. 7. (Continued) Scatter plots of MOS versus kinds of IQA methods, i.e., PSNR, MSSIM, WNISM, Wavelet, Curvelet, Bandelet, Contourlet, WBCT, HWD1,
and HWD2, for JPEG, JPEG2000, WN, Gblur, and FF distorted images.

TABLE II
PERFORMANCE OF PSNR, MSSIM, AND WNISM ON THE LIVE DATABASE

the visual quality of the reconstructed images. The lower the
JND threshold is, the more coefficients are utilized for image
reconstruction and the better visual quality of the reconstructed
image is. Therefore, the normalized histogram reflects the vi-
sual quality of an image. Here, the JND threshold is defined as

(3)

where is the th coefficient of the th subband in the finest
scale and is the mean value of the th subband coefficients,

is the amount of selected subbands in the finest scale,
is the amount of coefficients of th subband, and is a tuning
parameter corresponding to different types of distortion.

D. Normalized Histogram for Image Representation

By using JND threshold , we can count the number of visu-
ally sensitive coefficients in the th selected subband and define
the value as , which mean the number of coefficients in
the th selected subband which are larger than obtained from
(5). The number of coefficients in the th selected subband is

. Therefore, for a given image, we can obtain the normal-
ized histogram with bins ( subbands are selected) for repre-
sentation and the th entry is given by

(4)

E. Sensitivity Errors Pooling

Based on (4), we can obtain the normalized histograms
for both the reference and the distorted images as and

, respectively. In this framework, we define the metrics
of the distorted image quality as

(5)

where is the city-block distance
between and , and is a constant used to control
the scale of the distortion measure. In this framework, we set

as 0.1. The log function is introduced to reduce the effects
of large and enlarge the effects of small , so that we can
analyze a large scope of conveniently. There is no particular
reason to choose the city-block distance, which can be replaced
by others, e.g., Euclidean norm. So does for the base 2 for the
logarithm. The entire function preserves the monotonic property
of .
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TABLE III
PERFORMANCE OF THE PROPOSED IQA FRAMEWORK WITH DIFFERENT MGA TRANSFORMS ON THE LIVE DATABASE

IV. PERFORMANCE EVALUATION

In this section, we compare the performance of the proposed
framework based on different MGA transforms with standard
IQA methods, i.e., PSNR, WNISM, and the mean structural
similarity index (MSSIM), based on the following experiments:
the consistency experiment, cross-image and cross-distortion
experiment, sensitivity experiment, and the rationality experi-
ment. At the beginning of this section, we first brief the image
database for evaluation.

The laboratory for image & video engineering (LIVE) data-
base [28] has been recognized as the standard database for IQA
measures performance evaluation. This database contains 29
high-resolution 24 bits/pixel RGB color images and 175 corre-
sponding JPEG and 169 JPEG2000 compressed images, as well
as 145 white noisy (WN), 145 Gaussian blurred (Gblur), and
145 fast-fading (FF) Rayleigh channel noisy images at a range
of quality levels.

To remove nonlinearity, which is raised by the subjective
rating process, and to facilitate empirical comparison of dif-
ferent IQA methods fairly, the video quality experts group
(VQEG) [34] suggested first applying the variance-weighted
regression analysis to provide a nonlinear mapping between the
objective and subjective mean opinion score (MOS), and then
using three metrics as evaluation criteria [34]. The first metric
is the Pearson linear correlation coefficient (CC) between the
objective and MOS after the variance-weighted regression anal-
ysis. This metric provides an evaluation of prediction accuracy.
The second metric is the Spearman rank-order correlation co-
efficient (ROCC) between the objective and subjective scores.
This metric measures the prediction monotonicity. The third

metric is the outlier ratio (OR), which is the percentage of the
number of predictions outside the range of twice of the standard
deviation of the predictions after the nonlinear mapping. It is a
measure of the prediction consistency. In addition, we compute
the mean absolute error (MAE), and the root mean square
error (RMSE) of fitting procedure after the nonlinear mapping.

In the following parts, we compare the performance of dif-
ferent IQA methods based on the aforementioned image data-
base and metrics.

A. Consistency Experiment

In this subsection, we compare the performance of the
proposed IQA framework with PSNR, WNISM, and the well
known full reference assessment metric, MSSIM. The evalua-
tion results for all IQA methods being compared are given as
benchmark in Table II. Table III shows the evaluation results of
the proposed IQA framework with different MGA transforms,
e.g., wavelet, curvelet, bandelet, contourlet, WBCT, HWD1 and
HWD2. The OR results of WN, Gblur and FF are not available
because the corresponding subjective scores are not provided
in [28] either. Fig. 7 presents the scatter plots of MOS versus
the predicted score by objective metrics after the nonlinear
mapping.

For JPEG and JPEG2000: Table III demonstrates that
the results of all these MGA transforms using the proposed
framework yield a higher effectiveness to IQA. Comparing
Table III with Table II, it is noticed that the metric obtained
by the proposed framework gives much better performance
than WNISM in terms of better prediction accuracy (higher
CC), better prediction monotonicity (higher ROCC) and better
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Fig. 8. Scatter plots of MOS versus different metrics using database of JPEG and JPEG2000 images.

prediction consistency (lower OR, MAE, and RMSE). Espe-
cially, when WBCT and HWD are employed in the proposed
framework, better performance is achieved than that of MSSIM
index. The only tuning parameter in the proposed framework
responses to different distortions.

For WN distortion: PSNR outperforms other methods, be-
cause PSNR directly measures the difference between the orig-
inal image and the corresponding WN distorted image. The per-
formance of the proposed framework is comparable to that of
MSSIM and better than that of WNISM.
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Fig. 8. (Continued) Scatter plots of MOS versus different metrics using database of JPEG and JPEG2000 images.

For Gblur Distortion: Gaussian blur is blurring an image by
using a Gaussian function and, thus details in an image (corre-
sponding to the high frequency part of the image) are removed.
Because Gaussian function is isotropical, transforms of wavelet,
curvelet, and contourlet using the proposed framework perform
well in comparing with other methods.

For FF Distortion: Fast-fading is the distortion that a signal
experiences over a propagation media. FF produces block arti-
facts and blurs the original image. Experimental results in Ta-
bles II and III, as well as Fig. 7, show that the proposed frame-
work outperforms WNISM and is comparable with MSSIM.

It is universally agreed in the community that the key stage
of IQA is how to represent images effectively and efficiently,
so it is necessary to investigate kinds of transforms. Wavelet is
localized in spatial and frequency domain and can extract local
information with high efficiency, so it optimally approximates
a target function with 1-D singularity. However, wavelet cannot
achieve the sparse representation of edges even it captures
the point singularity effectively. In order to represent edges
in an image sparsely, curvelet transform has been proposed.
The basis function of curvelet can be expressed by rectangle,
and it is nearly optimal to fit the image with curve singularity.
However, because curvelet is defined in the continuous domain,
there is a huge redundancy when it is transformed to discrete
domain. Bandelet can trace the geometric regular direction
adaptively by taking edge information into account. However,
its application is limited because it needs prior knowledge of
the geometric features in images. Inheriting the anisotropy of
each scale from curvelet, contourlet analyzes the scale and
orientation respectively and reduces the redundancy by approx-
imating images with line-segment similar basis ultimately. To
further reduce the redundancy, WBCT and HWD are proposed
to represent images sparsely and precisely. Redundancy is
harmful for IQA. If an image is represented by a large number
of redundant components, little visual changes will affect the
quality of the image slightly. Both transforms are nonredun-
dant, multiscale and multiorientation for image decomposition.
Table III shows the proposed IQA framework with WBCT and
HWD works much better than previous standards for JPEG
and JPEG2000 images, wavelet transform is optimal to Gblur
distortion, curvelet transform and PSNR perform best on WN
distortion, and WBCT outperforms the other methods for FF
distortion.

TABLE IV
PERFORMANCE OF PSNR, MSSIM, AND WNISM ON THE LIVE DATABASE

TABLE V
PERFORMANCE OF THE PROPOSED FRAMEWORK USING MGA TRANSFORMS

B. Cross Image and Cross-Distortion Experiment

Many IQA methods have been shown to be consistent when
applied to distorted images created from the same reference
image by using the same type of distortions. However, the
effectiveness of these methods degrades significantly when
applied to a set of images originating from different reference
images including a variety of different types of distortions. To
further evaluate the effectiveness of the proposed framework,
apart from previous experiments, we conducted cross-image
and cross-distortion tests, which are critical in evaluating the
effectiveness of an IQA method.

In this experiment, we compare the cross-distortion and
cross-image performances of different quality assessment
methods on the LIVE database. Scatter plots of MOS versus
different metrics on the database of JPEG and JPEG2000
images are shown in Fig. 8. The evaluation results for all
methods are given in Table IV, and the evaluation results for
the proposed framework with different MGA transforms are
given in Table V.

According to Tables IV and V, the proposed framework with
different MGA transforms performs better than the standard
RR IQA method, e.g., WNISM. The proposed IQA framework
based on WBCT and HWD performs even better than the stan-
dard FR IQA method, e.g., MSSIM.
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Fig.9. Trend plots of Lena with different types of distortion using contourlet of the proposed framework (all of the images are 8bits/pixel; cropped from 512 �
512 to 128 � 128 for visibility).

C. Rationality Experiment

To verify the rationality of the proposed framework, we
choose contourlet and WBCT to test the Lena image with dif-
ferent distortions, which are blurring (with smoothing window
of ), additive Gaussian noise

, impulsive Salt-Pepper noise , and JPEG
compression .

Figs. 9 and 10 (all of the images are 8 bits/pixel; cropped from
512 512 to 128 128 for visibility) show the Lena image with
different types of distortions and the metrics prediction trend
to the corresponding image, respectively. It is found that the
proposed framework prediction trend to image drop with the
increasing intensity of different types of image distortions. It
is consistent well with the tendency of the decreasing image
quality in fact. So the results demonstrate the rationality of the
proposed framework.

For JPEG compression, we find that for IQA drops with
the increasing intensity of different distortions, which is con-
sistent with the tendency of the decreasing image quality. That
is the proposed IQA framework works well for the JPEG dis-
tortion. The coding scheme of JPEG (JPEG2000) is based on
the discrete cosine transform (discrete wavelet transform). In
JPEG (JPEG2000) coding stage, the lowpass subband is com-
pressed in a high compression rate and highpass subbands are
compressed in a low compression rate to achieve a good com-
pression rate for the whole image while preserving the visual
quality of the image. This procedure is similar to our IQA frame-
work, i.e., we do not consider information in the lowpass sub-
band because most information in the lowpass subband is pre-
served; and the output value is obtained from highpass sub-

bands only because low compression rates are utilized on them
and the quality of the reconstructed image is strongly relevant to
highpass subbands (the defined JND threshold). Therefore, the
proposed scheme adapts well for JPEG and JPEG2000 distor-
tions.

For blurring, additive Gaussian noise distortion and impul-
sive salt-pepper noise, for IQA drops sharply initially and
then slowly because MGA transforms cannot explicitly extract
effective information from images with these distortions. How-
ever, based on these figures, can still reflect the quality of
distorted images with blurring, additive Gaussian noise distor-
tion and impulsive salt-pepper noise, although the performance
is not good.

D. Sensitivity Test Experiment of the Proposed Framework

Currently, PSNR is one of the most popular objective quality
metrics for images. However, it does not correlate well with
the perceived quality measurement as shown in Table VI.
Fig. 11 shows three degraded “Lena” images with different
distortions but with almost identical PSNR. Another popular
objective quality metric, MSSIM is also reported in Table VI,
which shows MSSIM cannot perform well for the contrast
stretching distortion, although the perceived quality of the
contrast stretching distorted image is worse than that of mean
shift transformed image. As shown in Fig. 11, the proposed
framework with different MGA transforms can distinguish both
the contrast stretching and JPEG compression distortions well.
It is worth emphasizing that is insensitive to the changes
of intensity, i.e., changes of grey values at image level cannot
affect the image quality significantly when is 1. This is

Authorized licensed use limited to: XIDIAN UNIVERSITY. Downloaded on June 27, 2009 at 10:52 from IEEE Xplore.  Restrictions apply.



1420 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 18, NO. 7, JULY 2009

Fig. 10. Trend plots of Lena with different types of distortion using WBCT of the proposed framework.

Fig. 11. Lena image with the same PSNR but different perceived quality.
(a) The reference image; (b) mean shift; (c) contrast stretching; (d) JPEG
compression.

because the lowpass section of the image is not considered in
the proposed IQA framework.

E. Low Data Rate

This section shows variations of the performance measures
(i.e., CC, ROCC, MAE, and RMSE) with respect to the bit
rate of the ancillary channel, over which the RR information is

TABLE VI
VALUE OF DIFFERENT METRICS FOR IMAGES IN FIG. 11

sent. Fig. 12 shows that the contourlet, WBCT, HWD1, HWD2,
wavelet, bandelet, and curvelet transforms using the proposed
framework for RR IQA have low data rates for representing
features of the reference image with different distortions. The
number of features, sent over the ancillary channel for RR IQA,
is mainly proportional to the selected subbands. For example,
if the contourlet transform is utilized to decompose an image
into three levels or sixteen highpass subbands associated with
one lowpass subband, as shown in Fig. 4, we need 16 features
to represent the 16 highpass subbands for RR IQA under the
proposed framework. With the increasing number of features,
we can usually obtain a better IQA performance measure (e.g.,
higher CC) for different distortions. However, the IQA perfor-
mance measures (e.g., CC) will not increase with the increasing
number of features for the WN distortion, because images will
be damaged by this distortion.
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Fig. 12. Variations of different performance measures versus the bit rate of the ancillary channel.

F. Summary

In this paper, we present a novel IQA framework by incor-
porating merits from MGA, CSF, and JND. A large number of
experimental results demonstrate this framework outperforms
conventional IQA standards, i.e., PSNR, MSSIM, and WNISM,
for JPEG and JPEG2000 images as well as WN, Gblur, and FF
distorted images. Advantages of this framework are as follows.

1) General purpose: A number of different transforms, e.g.,
wavelet, curvelet, bandelet, contourlet, WBCT and HWD,
for image decomposition can be applied in the proposed
framework for IQA. All these transforms can work well
for different image distortions, and WBCT and HWD per-
form much better than the others, especially for JPEG and
JPEG2000 images.

2) Sound effectiveness: The objective assessment of the pro-
posed framework performs consistently with the subjec-
tive perception, and can evaluate visual quality of JPEG
and JPEG2000 image effectively. Particularly, by applying
WBCT and HWD for image decomposition, the frame-
work has better effectiveness not only than the reduced-ref-
erence method, WNSIM, but also than the full reference
method as MSSIM, in terms of CC, ROCC, OR, MAE,
and RMSE. In addition, different transforms have different
advantages in different distortions. For example, wavelet
transform is optimal to Gblur distortion, curvelet transform
and PSNR perform best on WN distortion, and WBCT out-
performs the other methods for FF distortion.

3) Low data rate: The proposed framework has a relatively
low data rate for representing features of the reference
image, i.e., a relatively low bits are used to represent the
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image features (e.g., for wavelet-based decomposition,
there are only 10 features/image utilized for representa-
tion; contourlet-based decomposition corresponds to 17
features/image; WBCT-based decomposition corresponds
to 25 features/image; and HWD-based decomposition
corresponds to 17 features/image).

4) Flexible to different distortions: The proposed frame-
work contains only one free parameter , which corre-
sponds to different distortions, for calculating the JND
threshold. In an identical distortion, is identical to dif-
ferent images. Empirical studies show that by tuning to
different distortions, we can achieve better performances
for IQA. In addition, if we set as a constant for different
distortions, the IQA performance is still acceptable. In our
experiments, we tune from and choose
the one corresponding to the best performance as shown
in experiments.

V. CONCLUSION

In this paper, a reduced-reference image quality assessment
framework is proposed by incorporating merits of multiscale ge-
ometry analysis (MGA), contrast sensitivity function (CSF), and
the Weber’s law of just noticeable difference (JND). In com-
paring with existing image quality assessment approaches, the
proposed one has strong links with the human visual system
(HVS): sparse image representation is utilized to mimic the mul-
tichannel structure of HVS, CSF is utilized to balance magni-
tude of coefficients obtained by MGA to mimic nonlinearities
of HVS, and JND is utilized to produce a noticeable variation in
sensory experience. In this framework, images are represented
by normalized histograms, which correspond to visually sensi-
tive coefficients. The quality of a distorted image is measured by
comparing the normalized histogram of the distorted image and
that of the reference image. Thorough empirical studies show
that the novel framework with a suitable image decomposition
method performs better than conventional standard reduced-ref-
erence image quality assessment method, i.e., wavelet-domain
natural image statistics model (WNISM), and even better than
the standard full-reference IQA model, i.e., the mean structural
similarity index (MSSIM).

Although the proposed framework has good consistency with
subjective perception values and the objective assessment re-
sults can well reflect the visual quality of images, there are still
some issues deserve to be further investigated in the future.
Since reference methods require full information of the refer-
ence image or limited information of the reference image, which
could be a serious impediment for many applications. It is es-
sential to develop no-reference (NR) image quality metrics that
blindly estimate the quality of images. Recently, tensor-based
approaches [30]–[32] have been demonstrated to be an effective
way for image representation in classification problems, so it is
valuable to introduce them for image quality. With the explosive
growth of video records on Internet and in personal databases as
well as the rapid progress of the computer power, video quality
assessment (VQA) also becomes one of the most active research
fields. In the future, we will further the proposed MGA-based

framework to VQA by integrating the merits of the spatial tem-
poral information [37] and the human perception [36].
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